Background: Frailty is a key determinant of health status and outcomes of health care interventions in older adults that is not readily measured in Medicare data. This study aimed to develop and validate a claims-based frailty index (CFI). Methods: We used data from Medicare Current Beneficiary Survey 2006 (development sample: n = 5,593) and 2011 (validation sample: n = 4,424). A CFI was developed using the 2006 claims data to approximate a survey-based frailty index (SFI) calculated from the 2006 survey data as a reference standard. We compared CFI to combined comorbidity index (CCI) in the ability to predict death, disability, recurrent falls, and health care utilization in 2007. As validation, we calculated a CFI using the 2011 claims data to predict these outcomes in 2012. Results: The CFI was correlated with SFI (correlation coefficient: 0.60). In the development sample, CFI was similar to CCI in predicting mortality (C statistic: 0.77 vs. 0.78), but better than CCI for disability, mobility impairment, and recurrent falls (C statistic: 0.62-0.66 vs. 0.56-0.60). Although both indices similarly explained the variation in hospital days, CFI outperformed CCI in explaining the variation in skilled nursing facility days. Adding CFI to age, sex, and CCI improved prediction. In the validation sample, CFI and CCI performed similarly for mortality (C statistic: 0.71 vs. 0.72). Other results were comparable to those from the development sample. Conclusion: A novel frailty index can measure the risk for adverse health outcomes that is not otherwise quantified using demographic characteristics and traditional comorbidity measures in Medicare data.
Frailty, an age-related condition that affects 5-25% of community-dwelling older adults, is a vulnerability state in which there is a decreased ability to maintain homeostasis after a stressful event (1) (2) (3) (4) . Because this puts them at greater risk of adverse health outcomes (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) and high health care spending (12) (13) (14) , measuring frailty is of great interest to clinicians, researchers, and health care organizations to generate evidence directly relevant to this population and to select a target population that requires coordinated care.
Large datasets of health care utilization ("claims" datasets) are increasingly used to study the clinical outcomes of health care interventions in older adults who are often under-represented in clinical trials (15) . Data derived from such sources are often criticized for lack of detailed clinical information-in particular, frailty-that is central to the clinical management of older adults. Without adjustment for frailty, non-randomized comparative studies of health care interventions are subject to bias (16) (17) (18) (19) . Moreover, the likelihood of poor clinical outcomes after aggressive interventions may increase with greater frailty (20, 21) . Since claims data are readily accessible for a large number of older adults who receive routine care, there is growing interest to capture frailty in Medicare or similar administrative data (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) .
To date, several clinical frailty assessments have been validated. Among them, frailty phenotype (2) and deficit accumulation frailty index (FI) (5) are extensively validated and widely used. The frailty phenotype generally offers better clinical operationalization based on weight loss, exhaustion, inactivity, slowness, and weakness (2) . In comparison, the deficit accumulation FI quantifies frailty as a proportion of abnormalities from a list of age-associated health deficits. Since the risk of mortality goes up monotonically with the total burden of health deficits rather than specific deficit types (6, 7, 11) , deficit accumulation FIs of different compositions offer robust and comparable prediction of mortality (5, (8) (9) (10) . The deficit accumulation approach has been applied to surveys, cohort studies, and clinical databases (6) , including animals (11) .
The objective of this study was to develop and validate a claimsbased FI (CFI) in Medicare data using the deficit accumulation approach. This approach allows quantification of frailty in a continuous spectrum and provides better discrimination of the risk of adverse health outcomes in comparison with the frailty phenotype (37) . We tested the predictive validity of CFI for adverse health outcomes and health care utilization in the following year.
Methods

Study Data and Sample
This study was determined as exempt by the Institutional Review Board of the Brigham and Women's Hospital. We analyzed data from the Medicare Current Beneficiary Survey (MCBS), a rotating panel survey of a nationally representative sample of Medicare beneficiaries (38) . In this survey, beneficiaries selected from Medicare enrollment files were interviewed three times a year over 4 years and survey data were linked to claims data. During the fall survey, beneficiaries or their proxy were asked about health status and physical function. This information was used to calculate a survey-based FI (SFI) which served as a reference standard (described later). We developed a CFI using MCBS 2006 claims data and examined its association with adverse health outcomes in 2007. As independent validation, we applied the CFI to MCBS 2011 claims data to predict adverse health outcomes in 2012. We included community-dwelling adults 65 years or older whose claims data were available for the entire year. Those who enrolled in the Medicare Advantage Plan or in hospice were excluded. For adequate capture of health status based on claims data, we required at least one office visit. Finally, the development sample included 5,593 beneficiaries; the validation sample included 4,424 (Supplementary Figure) . The outcome analysis included 3,960 and 3,273 beneficiaries in the development and validation sample, respectively, who lived in the community during the baseline year and whose follow-up was available.
Measurements
We assessed mortality and the following outcomes of frailty from survey: (a) activities-of-daily-living (ADL) disability as any difficulty in bathing, dressing, eating, transferring, walking, and toileting; (b) instrumental-activities-of-daily-living (IADL) disability as any difficulty in using a telephone, doing light or heavy housework, preparing meals, shopping, and managing money; (c) mobility disability as any difficulty in walking 0.25 mile or transferring; and (d) recurrent falls. From claims data, we calculated the number of hospital days and skilled nursing facility days. These outcomes are used to test the predictive validity of CFI. In addition, we calculated the Combined Comorbidity Index (CCI) (39) that predicts mortality based on the diagnosis codes of the Charlson index (40) and the Elixhauser index (41). This index was used in validation to assess how CFI was different from comorbidities (see the validation section below).
SFI: Reference Standard
To develop a CFI, we needed a validated frailty measure. Using 56 self-reported symptoms, diagnosis, and functional limitations measured in the MCBS survey (see the list of variables in Supplementary  Table 1 ), we applied the deficit accumulation approach to calculate a SFI as the proportion of abnormalities present (range: 0-1). For instance, a person who reported 12 abnormalities (of 56 items assessed) has a SFI of 0.21 (=12/56). Previous studies have shown that FIs calculated from different compositions of items from survey data, clinical examination, or medical records provide a comparable ability to predict mortality (6, 7, 11) . Our SFI included 44 items used in published FIs (3-7) and additional 12 functional limitation items.
Development of CFI
We assumed that diagnosis and procedure codes and health care services claims in Medicare datasets (inpatient, outpatient, skilled nursing facility, home health agency, carrier, and durable medical equipment) could serve as proxies of a beneficiary's health status and frailty (37) . Below we outlined the steps to apply two alternative approaches to derive a CFI in the MCBS data:
(1) Preparation of Medicare data: The Medicare data contained almost 14,000 International Classification of Diseases (ICD)-9 diagnosis codes, 4,000 ICD-9 procedures codes, 8,000 Current Procedural Terminology (CPT-4) codes (numeric codes for medical services and procedures), and 6,000 Healthcare Common Procedure Coding System (HCPCS) level II codes (alpha-numeric codes for supplies, equipment, and devices). These codes were combined into clinically meaningful variables according to the chapters, subheadings, or categories of the coding manuals for ICD-9 diagnoses (166 variables), ICD-9 procedures (100 variables), CPT-4 services (169 variables), and HCPCS level II supplies (145 variables). These variables represent groups of conditions or symptoms within each body system or types of services. (2) Estimation of CFI using the deficit accumulation approach:
Among the variables derived from Medicare data, we considered the ones as health deficit variables, if they had positive correlation with age at false discovery rate of 0.05 (42) and prevalence higher than a threshold (0.001, 0.01, or 0.05). We calculated CFI as the proportion of health deficit variables present, assuming lack of codes during the entire year would represent the absence of the deficit. (3) Estimation of CFI using the regression approach: As an alternative to implementation of the deficit accumulation approach, we used a lasso regression model to estimate the SFI as a function of health deficit variables derived from Medicare data. The lasso is a machine learning algorithm that applies shrinkage to the coefficients in the model; due to shrinkage, the lasso estimates are generally biased, but have better prediction accuracy due to reduced variance (43) . Because variables with low prevalence may not add meaningfully to the estimation, we applied three prevalence thresholds (0.001, 0.01, or 0.05) to select candidate independent variables. (4) Choice of our best approach: Our best approach was determined based on C statistics from logistic regression for mortality. We adjusted C statistics for optimism using 1000 bootstrap resampling (44) . Since the variables from a particular data source (e.g., inpatient) may be more accurate or reflect greater severity than the same variables from other sources (e.g., outpatient), we compared whether considering the sources of claims would provide better prediction of mortality than pooling claims without considering their sources.
Validation of CFI
Clinical characteristics of development and validation samples were summarized after applying the MCBS sampling weight and compared using Wilcoxon ranksum test and chi-square test. We tested whether SFI and CFI were higher in people with older age and in women than men using chi-square test. We then compared our CFI derived from MCBS 2006 data with age and sex alone, and CCI in predicting mortality, ADL disability, IADL disability, mobility impairment, recurrent falls, and the number of hospital days and skilled nursing facility days in 2007. We only considered incident ADL disability, IADL disability, and mobility impairment by restricting analyses to those without the respective disabilities in 2006. The predictive power was evaluated using C statistics from logistic models for dichotomous outcomes and using the McFadden pseudo-R 2 from zero-inflated negative binomial models for the number of hospital days and skilled nursing facility days. We estimated the odds ratio (OR) of dichotomous outcomes and their 95% confidence interval for SFI and CFI after adjusting for age, sex, and CCI, and assessed C statistics. We validated the performance of CFI in a more contemporary cohort of MCBS 2011-2012 data. Because sampling weight had little impact on prediction of adverse health outcomes, we presented the results of unweighted analysis. As a sensitivity analysis, we evaluated the performance without excluding beneficiaries who did not have any physician office visit. Analyses were performed using R version 3.2.4. A 2-sided p < .05 was considered statistically significant.
Results
Characteristics of Study Population
The characteristics of beneficiaries in the development and validation samples were similar (Table 1) , with a few exceptions: beneficiaries in the validation sample more often reported chronic obstructive pulmonary disease, diabetes, IADL disability, but fewer strokes, recurrent falls, and hospitalization compared with those in the development sample. The median SFI was higher in the validation sample than the development sample, but the 1-year mortality was not different. The SFI increased with age and was higher in women ( Figure 1A ).
Development of CFI
When the deficit accumulation approach was directly implemented in claims data, increasing the prevalence threshold to select health deficit variables negatively affected the correlation between CFI and SFI, and C statistics for mortality (Supplementary Table 2 ), which suggests loss of prognostic information. The regression approach showed higher correlation with SFI and higher C statistics for mortality than the deficit accumulation approach. The correlation with SFI and C statistics for mortality decreased as the prevalence threshold was increased from 0.01 to 0.05. The sources of claims (e.g., inpatient or outpatient) made little difference in prediction. Based on these results, the regression model using the variables with prevalence ≥0.01 was chosen as our best CFI. Our final model included 52 ICD-9 diagnosis variables, 25 CPT-4 variables, and 16 HCPCS level II variables. The variables that were strongly associated with SFI included durable medical equipment claims (e.g., hospital beds, wheelchair, walking aids, and oxygen delivery devices) and diagnosis codes for degenerative diseases of the central nervous system (which includes Alzheimer's disease and related dementia, and Parkinson's disease), cardio-metabolic diseases, and cerebrovascular diseases ( Table 2 ; see the full model in Supplementary Table 3 ). The CFI increased with age and was higher in women ( Figure 1B) . It matched well with SFI ( Figure 1C ).
Validation of CFI
After adjusting for age, sex, and CCI, SFI was associated with adverse health outcomes, which confirms the validity of SFI as a reference standard (Supplementary Table 4 ). The CFI (per 0.1-point increase) was associated with mortality (OR: 1.82), ADL disability (OR: 2.53), IADL disability (OR: 2.30), mobility impairment (OR: 2.45), and recurrent falls (OR: 2.21), while CCI was only associated with mortality (Supplementary Table 4) .
In the development sample (Table 3) , CFI was similar to CCI in predicting mortality (C statistic: 0.77 vs. 0.78) and hospital days (pseudo R 2 : 0.03 vs. 0.03). But CFI was better than CCI in predicting disabilities or recurrent falls (C statistic: 0.62-0.66 vs. 0.56-0.60) and skilled nursing facility days (pseudo R 2 : 0.04 vs. 0.02), suggesting an added value of considering CFI in addition to age, sex, and CCI. Notably, CCI was no better than demographic information in predicting disabilities, recurrent falls, and skilled nursing facility days. In the validation sample (Table 3 ), CFI and CCI showed similar C statistics for mortality (0.71 vs. 0.72), although C statistics were lower than those in the development sample. The findings on other outcomes were consistent with those from the development sample. When beneficiaries with no office visit were not excluded, the results were similar to the main analysis (results not shown).
Discussion
We created a CFI using Medicare data that approximates a validated deficit accumulation FI. In the community-dwelling Medicare population, the CFI predicted mortality and number of hospital days as well as did the CCI, but the former was a better predictor of disability, mobility impairment, recurrent falls, and number of skilled nursing facility days. When added to demographic information and CCI, our CFI improved the ability to predict these outcomes. Our work contributes to the growing literature on measurement of health status of aging populations, and thus may advance observational research using claims data by enabling better risk adjustment and evaluation of treatment effect modification by frailty level.
Given the importance of identifying frail individuals for clinical care and research, several investigators developed indicators of frailty or functional limitation in administrative data that did not contain clinical information (Supplementary Table 5 ) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) . Diagnosis codes were the main data source for determination of frailty status in most studies. Only a few studies included CPT-4 and HCPCS variables as predictors (27, 28, 35) . Frailty was determined as any presence or count of conditions that are measured by diagnosis codes selected based on clinical rationale (24, 25, (28) (29) (30) (31) (32) (33) (34) or from a regression model that estimated the probability of prevalent (26, 27, 35) or future disability (22, 23) . Notably, only Abrams et al. (25) and Segal et al. (36) used a validated clinical frailty assessment-the Vulnerable Elder Survey (45) and frailty phenotype (2)-to develop their frailty scale. Some studies only included special populations who were already frail (22, 23, 26) or who had acute myocardial infarction (28) or received intensive care (32), which may limit generalizability. In addition, all studies, except for Soong et al. (33, 34) , used datasets that had been collected 10-20 years ago. Therefore, it is unclear whether these indicators can be applied to more contemporary data. Our study builds on previous effort by developing and validating a CFI using a deficit accumulation FI from the MCBS survey as the reference standard. Since this approach generates a continuous score and offers better risk discrimination than the frailty phenotype (8) (9) (10) , it is suitable for our objective to identify older adults at high risk for adverse health outcomes. In the MCBS data, we found that those with greater SFI had higher risk of mortality, incident disability, mobility impairment, recurrent falls, hospitalization days, and skilled nursing facility days than those with lower SFI, which confirms the predictive validity of this approach.
In developing a CFI, we did not restrict candidate predictors to certain diagnosis codes based on clinical knowledge or to specific data sources (e.g., inpatient or outpatient datasets). Instead, we allowed all data types (diagnosis or procedure codes, CPT-4 codes, and HCPCS level II codes) from six Medicare datasets to be considered in the model. This data-driven approach was chosen to avoid omission of key predictors that may be clinically less intuitive (e.g., diagnosis codes or health service claims that are inversely associated with frailty). By comparing two alternative approaches to develop a CFI, we found that direct implementation of the deficit accumulation approach in claims data performed worse than did the regression approach. It is probably because not all claims-based variables are equally important markers of frailty. In addition, health status may be transiently impaired or improve as a result of health care services. We speculate that the regression approach which allows different weights for variables may capture the relative importance of claims-based variables on frailty. The CCI was not as good as the CFI in predicting disability, mobility impairment, recurrent falls, and skilled nursing facility days. Our CFI improved prediction when it was added to demographic information and CCI, which suggests that CFI can measure the risk for adverse health outcomes that is not captured by traditional comorbidity measures.
Our study has important implications for population health management and research. Our CFI, alone or in combination with comorbidities, may assist in the identification of older adults likely to need the greatest amount of care at the level of health care system. This is an essential step to provide preventive care expectantly and to contain health care costs. In comparative effectiveness and safety research and health services research in which health care interventions are not randomized, CFI can help reduce bias due to imbalance in the frailty level between treatment groups. Our results suggest that adjustment for CFI would be particularly important in studying disability, falls, and skilled nursing facility stay. Whether frail individuals are more likely than are their non-frail counterparts to be harmed by an intervention can be examined by conducting stratified analyses according to the different levels of CFI.
A few limitations should be considered in interpreting our results. We used a SFI as a reference standard. Objective measures of frailty (e.g., walking speed) may be more sensitive than a frailty definition based on self-reported data in predicting disability (46) . Our CFI needs to be validated against objective measures of frailty Note. Only claims-based variables that were associated with at least 0.01 increase in the survey-based frailty index from the lasso regression model were presented. See the full model in Supplementary Table 3 . CPT = current procedural terminology; Dx = diagnosis; HCPCS = Healthcare Common Procedure Coding System; ICD = International Classification of Diseases.
in future research. When we reduced over 30,000 codes to 580 variables in Medicare data, the severity of condition was not considered. It remains to be examined whether more specific coding (e.g., codes for complications) results in better risk prediction. In addition, some codes are updated over time and health care providers' billing practice may also change, which may be responsible for the difference in prediction accuracy between the development and validation samples. Therefore, validation using more current data is needed. We excluded beneficiaries whose health care utilization pattern might be different from fee-for-service beneficiaries (e.g., those enrolled in Medicare Advantage Plans). Accordingly, generalizability of our index to this subgroup will require further study. Our main analysis excluded a small number of beneficiaries who had no office visit, but a sensitivity analysis including them made little difference.
In conclusion, we developed a FI for use in Medicare data that can capture the risk for adverse health outcomes and higher health care utilization in community-dwelling Medicare beneficiaries. Our FI adds to the existing measures of health status by enabling measurement of the risk for incident disability and skilled nursing facility stays in aging populations that is not otherwise quantified well using traditional comorbidity measures in administrative data.
Supplementary Material
Supplementary data is available at The Journals of Gerontology, Series A: Biological Sciences and Medical Sciences online. Note. Claims-based frailty index and combined comorbidity index were measured using claims data in 2006 and 2011 and adverse health outcomes were measured in 2007 and 2012. Models were evaluated using C statistics for adverse health outcomes and using pseudo R 2 for health care utilization. ADL = activity of daily living; CCI = combined comorbidity index; CFI = claims-based frailty index; IADL = instrumental activity of daily living; SNF = skilled nursing facility.
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